Appendix Text 1. Forecasting model specifications
As described in Methods, we formulated four models (Models 1-4) that incorporate important and established features of death rates in relation to age and birth cohort, as well as over time and space. The model specifications are provided in Appendix Table 1 and described below.
As is common for analysing mortality, death counts (y atd ) in age group (= 1, … , 19), year (= 0, … , − 1 with being the number of observation years), and district (= 1, … , 375) are modelled by a Poisson distribution, ~ ( × ) where n atd is the population at risk and m atd is death rate, modelled on the log scale. 1 In all four models (Models 1-4), log-transformed death rates are allowed to have different levels and trends by age group as well as by district, while borrowing strength across age groups and districts as described below. α is the common intercept for death rates across age groups and districts in 1981, the first observation year. 0 quantifies the common trend across ages and districts. θ a and 1 measure deviation from the common level and trend, respectively, by age group. Borrowing strength and smoothness over age is done using a first-order random walk prior on θ a and 1 . The first order random walk takes a general form of ~( −1 ,
2 ), and is implemented as a one-dimensional conditional autoregressive (CAR) model, as detailed below.
The district-specific intercept and slope 2 measure the deviation (common across all ages) in district d of the mortality level and trend, respectively, from the common intercept (α) and trend ( 0 ). We modelled and 2 using the Besag, York, and Mollie (BYM) model so that information is shared both locally (amongst neighbouring districts) through spatially-structured random effects with a CAR prior, and globally through spatially-unstructured Gaussian random effects. 2 The spatial structure of the CAR prior is imposed through the adjacency matrix W of size × with being number of districts. The diagonal entries of W are zero, and the offdiagonal entries are specified such that = 1 if districts and are neighbours and =0 otherwise. The first-and second-order random walks, used for smoothing over ages and cohorts, can be formulated as one-dimensional CAR models with adjacency matrices that specify proximity in age groups or cohorts, respectively. 3 The age-district interaction term ξ ad accounts for age-specific deviations in mortality in district d from that of other districts and is modelled as N(0, 2 ).
and ℎ are first-order random walks over time that allow for nonlinearity in the age and district trends that are not accounted for by other trend components. We constrained 0 = ℎ 0 = 0 so that the intercepts can be uniquely identified. Finally, ε atd , modelled as (0, 2 ), accounts for additional variability not captured by other components in the models. Models 2-4 differ from Model 1 by each using a different way to capture nonlinearities in trends. Model 2 includes an empirically-estimated (i.e., estimated as a part of model fitting) age-specific exponent on the trend term ( ). A cohort component on trend, which allows trends in death rates to vary by birth cohort, is introduced in Models 3 and 4 as 3, , with the birth cohort, l, calculated as = (1981 + − ) where age a is the mid-age for age group a and 1981 is the first observation year. We did not include a cohort intercept because including components for age, time, and birth cohort on mortality level makes the estimation non-identifiable. 4, 5 The model borrows strength and ensures smoothness of trends over birth cohorts using a secondorder random walk prior on 3, . 6 This prior takes the form of 3, = 2 3, −1 − 3, −2 + with ~(0, 2 ) and, as above, is implemented using the CAR formulation. In Model 4, empiricallyestimated (i.e., estimated as a part of model fitting) age-specific weights (w a ) are added to the cohort component to allow the influence of the birth cohort terms to vary by age group.
Model 5 adapts the principle of the Lee-Carter model, of decomposing the age-by-time death rate matrix using a multiplicative structure, to a Bayesian spatial framework. θ a and , respectively, measure age and district deviations from the common intercept, α. θ a and allow borrowing strength over age and district via a first-order random walk and BYM priors, respectively (we also tested models without age and space smoothing but found that they had worse performance). Like the Lee-Carter model, each district has a time trend term ( ) and a set of age-specific multiplicative adjustments ( ), which are common across districts. ξ ad and account for agedistrict interactions and additional variability, as defined in Models 1-4. To help identifiability, have a moderately informative prior (1, 0.33). This prior implies that in each district, death rates in most age groups have trends that are in the same direction although they can be steeper or more gradual than the overall trend for that district. It is possible for an age group to have a trend opposite those of others, but the probability is small (about 4%). We selected this prior based on the empirical evidence on age-specific mortality trends ( Figure 2 of the main paper).
has a first-order random walk prior to smoothly capture non-linear trends.
As in the Lee-Carter model, forecasts from Model 5 are produced through a two-stage process.
In stage 1, all parameters of the model presented in Appendix Table 1 are jointly estimated. In stage 2, a linear trend model is applied to the posterior estimates of in order to estimate a drift parameter for each district. The district-specific drift parameters are estimated jointly, with a common Gaussian distribution. The estimated drifts, together with the other parameters (i.e. , , , and ) are used to produce district specific forecasts.
Appendix Text 2.
Measuring the performance of forecast models.
As described in Methods, to assess the performance of the forecasting models, we used the first 21 years of data to estimate model parameters, which were then used to forecast for 2002-2012 for which data were available but withheld from the model. We compared the forecasts from each model with the withheld data, and report forecast error (FE), which measures systematic bias of forecasts, and absolute forecast error (AE), which measures any deviation of forecasts from the actual (but withheld) data, for both life expectancy and age-specific death rates. FE and AE are calculated as below:
where superscripts (obs) and (pred) denote the observed and the posterior mean of predicted quantities, respectively, and t and d denote year (2002-2012) and district, respectively. Means, medians, and percentiles reported in Appendix Tables 2-5 are calculated over districts and years.
We also report the 90% coverage of forecasts which measures how well the posterior distributions of estimated death rates coincide with the observed death rates. Coverage estimates took into account the variations both due to the Bayesian model parameters and due to the stochastic nature of death counts in each district; the latter was dealt with by adding in Poisson variation. 7, 8 Model performance results are provided in Appendix Tables 2-5 
